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One of the most apparent phenomena in development is that it starts with something apparently simple
and leads to something clearly complex with a speciﬁc and functional structure. At the level of gene
expression it seems also clear that the embryo becomes progressively compartmentalized over time and
space. However, there have not been any systematic attempts to quantify how this occurs. Here, we
present a quantitative analysis of the compartmentalization and spatial complexity of gene expression in
Drosophila melanogaster over developmental time by analyzing thousands of gene expression spatial
patterns from FlyExpress database. We use three different mathematical measures of compartmentali-
zation of gene expression in space. All these measures show a similar non-linear increase in compart-
mentalization over time, with the most dramatic change occurring from the maternal to the early gas-
trula stage. Transcription factors and growth factors showed an earlier compartmentalization. Finally, we
partitioned the embryo space in 257 equally sized regions and clustered them depending on their ex-
pression similarity, within and between stages. This provides a global overview about the effective de-
gree of differentiation and compartmentalization between body parts at each developmental stage and
when and where in the embryo there are more changes, due to signaling or movement.
& 2015 Elsevier Inc. All rights reserved.1. Introduction
During development a single cell becomes an organism com-
posed of multiple cell types arranged in spatial distributions that
are both architecturally complex and functional. In that process
there is an increase in the number and types of cells, and a pro-
gressive change in the spatial distribution of cell and cell types
over time.
This has been described as the embryo becoming compart-
mentalized into a progressively more ﬁne-grained manner over
time (Carroll et al., 2001; Davidson, 2001). Carroll conceptualizes
the development sequence by ﬁrst genes with broad expression in
the embryo that deﬁne the main axes of the body, then ﬁeld-
speciﬁc selector genes deﬁning compartments (for example organs
and appendages), and ﬁnally cell-type speciﬁc selector genes ex-
pressed in speciﬁc cell types (e.g., muscle and neural cells).
This would imply that in general, the area of expression of a
gene in the embryo (relative to the area of the whole embryo)munity, Centre of Excellence
l Biology, Institute of Bio-
ar-Ciudad).should decrease during development. Up to this point there has
not been any systematic quantitatively attempt to measure if that
is the case and how it happens. In other words, this compart-
mentalization seems quite apparent when qualitatively compar-
ing, by eye, a small number of gene expression patterns in space,
but is this still the case when many genes are considered with
quantitative statistical methods and, if so, can we measure how
much this compartmentalization changes over time? The current
and increasing amount of gene expression data in space allows for
such a systematic approach for different development stages. For
example, is this compartmentalization constant over time or is it
more intense in some speciﬁc stages in development? Are differ-
ent kinds of genes (e.g., transcription factors, growth factors, re-
ceptors) compartmentalized at different rates or in different ways?
Is this compartmentalization occurring in the same way in all parts
of the embryo or do some parts of the embryo compartmentalize
earlier and faster?
Another widespread assumption is that complexity increases
during development. The concept of complexity can be under-
stood in many different ways and there is certainly no consensus
deﬁnition of it. Some developmental biologists (Gawantka et al.,
1998; Struhl, 1991) understand complexity as the diversity of gene
expression patterns. Little attention has been drawn to the
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we will not claim that there is a way to deﬁne complexity that is
intrinsically better than any other. Instead, we will use three
speciﬁc different quantitative ways to measure complexity of gene
expression patterns in space and over time. The questions ad-
dressed would then be whether these measures of complexity
increase over time, whether they do it in a linear or non-linear
way, and whether this happens in different ways in different
genes. As the shape of gene expression is related to the underlying
morphology, this kind of analysis would also serve as a proxy to
study morphological complexity. The three measures of spatial
complexity in gene expression are, as we detail in the methods,
the above mentioned compartmentalization, the roughness of the
areas of expression of genes in space, and a measure of disparity in
space (the overall amount of differences in gene expression be-
tween different regions in an embryo).
Microarrays and RNA-seq technologies (Schena et al., 1995;
Wang et al., 2009) have allowed extensive analysis of gene ex-
pression through embryonic development (or even through the
entire life cycle) of model organisms (Arbeitman et al., 2002; Bo-
zinovic et al., 2011; Kalinka et al., 2010; Levin et al., 2012), re-
vealing the dynamic nature of embryonic gene regulation. For
example, in Drosophila melanogaster the vast majority (488%) of
genes that exhibited at least a fourfold difference between their
highest and lowest levels of expression, are expressed during
embryogenesis (Arbeitman et al., 2002).
In general, transcriptome analyses can be used to gain a very
detailed picture of temporal regulation of gene expression, but
they do not provide much spatial information of this expression.
By contrast, whole-mount RNA in situ hybridization is a well
known approach that allows the determination of the spatial
pattern of gene expression. Large-scale in situ hybridizations have
been recently made for some model organisms (Gilchrist et al.,
2009; Pollet et al., 2005; Tassy et al., 2010; Tomancak et al., 2002),
generating databases with thousands of in situ images.
An example of this is the FlyExpress database in D. melanoga-
ster (Kumar et al., 2011), which contains a selection of standar-
dized images obtained from the BDGP (Tomancak et al., 2002) and
Fly-FISH (Lécuyer et al., 2007) databases, and from peer-reviewed
publications. Thus, this database provides images with the same
orientation, staging and a clear background that facilitates the
quantitative comparison of the spatial gene expression patterns
between images.
There are previous studies that analyze gene expression in
space based on a similar data set (Frise et al., 2010; Konikoff et al.,
2012) but only for one embryonic stage (Frise et al., 2010) or
comparing only multigene family members (Konikoff et al., 2012).
Frise et al. found that the gene expression in the speciﬁc stage they
studied can be classiﬁed in spatial clusters resembling the fatemap
of the blastoderm embryo of that stage. Here, in contrast with
Frise et al., our objective is not to create a fatemap for every stage
but to quantitatively characterize the overall spatio-temporal dy-
namics of development and differentiation in the embryo. For this
purpose, it is necessary to use information on the expression of a
common set of genes between stages.
Here, using data from the FlyExpress database, we collected a
set of in situ images of 1218 genes (Table S1) in six developmental
stages of the fruitﬂy D. melanogaster, to measure quantitatively the
spatial dynamics of gene expression through embryogenesis. Our
analysis is, thus, spatial and not only temporal as in many previous
studies (Arbeitman et al., 2002; Bozinovic et al., 2011; Levin et al.,
2012; Schep and Adryan, 2013).
More speciﬁcally, the aim of this work is to quantitatively test
widespread assumptions in developmental biology and evo-devo,
that have been in the literature for many years, but that have never
been tested quantitatively with the resolution that current geneexpression data and computational resources permit. In this sense
this article is like statistical developmental biology, since it does
not focus on a single gene, transduction pathway, gene network or
organ but on a large number of genes for a number of stages and
for the whole of the embryo. This inevitably asks for a statistical
approach in which nothing too speciﬁc can be told about any
single gene but in which some general quantitative features of
development can be studied.
In addition to studying the dynamics of spatial complexity
(compartmentalization, roughness and disparity) in the embryo
over time we also provide a more ﬁne-grained study of how re-
gions in the embryo differ from each other within and between
stages. In other words, how different parts in the embryo start to
differentiate earlier than others and where in space and time is
this occurring.2. Materials and methods
2.1. Image mining and ﬁltering
The FlyExpress database contains a digitalized library of com-
putationally ﬁltered and standardized images from Fly-FISH
(Lécuyer et al., 2007) and BDGP (Tomancak et al., 2002) databases.
These are high-throughput databases of mRNA expression in dif-
ferent embryonic stages, that use ﬂuorescence in situ hybridization
and digoxigenin-labeled RNA probes, respectively. In addition to
the methods, these databases differ in the number of stages and
the staging system, making comparisons between them difﬁcult.
We used only the images coming from BDGP, since these expand
over more developmental stages than the Fly-FISH database. We
used the FlyExpress (instead of the BDGP directly) because the
standardization protocol used by FlyExpress (on the bases of the
images in the BDGP) produce images with embryos in the same
orientation and with a cleared background that are more suitable
for computational analysis. FlyExpress uses a semi-automated pi-
peline to standardize and align embryos, separating the multi-
embryo images of BDGP into single images and discarding partial
embryo images (Konikoff et al., 2012). After asigning the images to
an anatomical view (e.g., dorsal, ventral or lateral), the expression
pattern of a gene in a speciﬁc stage and view could be represented
in FlyExpress by more than one in-situ image. In more than half of
the cases we found only one image per gene and stage in the
lateral view. In case we found more than one image for stage-gene,
one image was manually selected to represent the pattern at that
stage. In general the patterns from these duplicates were very si-
milar, and the ﬁnal image was selected on the basis of its quality
(e.g., selecting the image with less non-speciﬁc staining or
shadows).
Images were downloaded from the FlyExpress Database ver-
sion 5.1 (Kumar et al., 2011) on February 2013. We searched for all
the genes that had laterally oriented images for the six stages used
in BDGP. We systematically retrieved the images with a custom
made Perl script using the module WWW::Mechanize (http://
search.cpan.org/dist/WWW-Mechanize/). The images were then
resized to a standard size of 320128 pixels (as in Konikoff et al.,
2012) using the scale() function of the Perl module Imager (http://
search.cpan.org/tonyc/Imager-0.96_02/).
For each image we extracted the contour of the embryo and
then the expression pattern (Fig. 1). To extract the contour of the
embryo we ﬁrst made a black and white ﬁlter on each image (for
the background and embryo respectively) and then implemented
an edge detector algorithm. This algorithm applies a Gaussian
ﬁlter (using the gaussian function of the module Imager) to each
image in order to ﬁlter all the pixels below and over two threshold
values. By manually choosing these thresholds values, a one-pixel
Fig. 1. Image processing. (A) Image ﬁltering. Each original image (top) was ﬁltered to produce a binary expression image (middle) which was deformed to an ideal embryo
shape (bottom). (B) The embryo of each stage was divided in 257 regions using polar coordinates The embryo for stage 11–12 is shown. In the bottom, the 257 regions for
stage 11–12 (for visualization purposes, a random color is assigned to each region).
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Next, in order to delimit the area of gene expression each image
was ﬁltered by three different threshold (resulting in three dif-
ferent versions of each image) by using a custom made Perl script.
This script ﬁrst transforms the in situ image to a gray scale -using
the convert(preset¼4 ‘gray’) function of the Imager module- and
then ﬁlters it using three different threshold values: (1) mean of
the pixel intensity, (2) mean-(standard deviation)/2 and (3) mean-
(standard deviation). Only pixels with gray-scale intensities be-
tween 10 and 200 (of the possible 0 to 254 range in RGB images)
were used (pixels lower than 10 and higher than 200 were taken
as with and without expression, respectively) to prevent non-
speciﬁc expression detection in the high intensity range produced
normally by shaded areas in the embryo.
We then visually selected which of the three images best re-
sembles the original gene expression pattern. Genes with ubiqui-
tous expression in stages 1–3 and 4–6 were considered as entirely
black images.
Although all images are taken with the same orientation and
resolution the images exhibit a small amount of variation in the
shape of the embryo itself. This precludes a direct comparison of
the expression patterns of different genes in space for embryos of
the same development stage. To correct for that we adjusted each
embryo to an stage ideal embryo shape. This ideal embryo was
based on the Genome wide Expression Maps (GEMs) of the data-
base FlyExpress (Kumar et al., 2011). GEMs are heatmaps dis-
playing the percentage of genes expressed in the embryo in each
stage. Delineating a region between 10–20% of the genes ex-
pressed we produced a one pixel wide countour. Then, we mor-
phometrically deformed the real embryo contour of each image to
the corresponding stage ideal shape. For this we created a matrix
of n elements (n¼pixels of the extracted real contour) with the
information of the x and y coordinates of each pixel of the real
embryo contour of each image, and its displacement in x and y
coordinates (vector ei) to the nearest pixel of the stage ideal em-
bryo contour. Then for each pixel j inside the embryo (with or
without expression), we calculated a displacement vector with the
equation:
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Where Vj is the displacement vector and aij¼1/dij, dij being the
euclidean distance of the embryo pixel j to the real contour pixel i.
This procedure was repeated four times per image (after which the
real contour of each image matched the ideal one). Each time we
reconstructed the image applying the displacement vector to all
the pixels within the embryo. As a ﬁnal step, we applied aGaussian ﬁlter (as with the contour) and then a smoothening ﬁlter.
In the latter all pixels whose intensity values above an empirically
determined threshold were transformed to white and the rest to
black. This ﬁlter produced a smooth expression pattern and
eliminated isolated white/black pixels. The FlyExpress database
itself includes images with a similar ﬁlter but without a de-
formation of the contour.
As we were interested in comparing the gene expression of
growth factors and growth factors receptors, we manually ﬁltered
images from the literature or directly from BDGP (Tomancak et al.,
2002) of genes that did not have information in FlyExpress. We
considered only whole mount images in a lateral view in stages
that were directly comparable. After ﬁltering manually the gene
expression pattern and the embryo contour, each image was
morphometrically deformed with the algorithm mentioned above.
These genes are: hh (Vincent and Alexandre, 2001), bnl (Ohshiro
and Saigo, 1997), daw (Tomancak et al., 2002), dpp (Biehs et al.,
1996; Martín-Blanco et al., 1998), mip (Tomancak et al., 2002), pyr
(Stathopoulos and Tam, 2004), spz (Tomancak et al., 2002), ths
(Stathopoulos and Tam, 2004), mip2 (Tomancak et al., 2002), pvf1
(Cho et al., 2002), pvf2 (Cho et al., 2002), spz5 (Tomancak et al.,
2002), vein (Schnepp et al., 1996), btl (Ohshiro and Saigo, 1997), fz2
(Tomancak et al., 2002), pvr (Cho et al., 2002), sax, tkv, wit and put
(Tomancak et al., 2002). See Table S1, for the list of all the genes
with their FlyBase identiﬁer.
2.2. Relative area
The relative area of expression is calculated by dividing the
number of pixels with expression (black) by the number of pixels
with and without expression of the embryo.
2.3. Roughness
We developed a measure called roughness (Fig. 2), that mea-
sures the curvature or deviation from a straight line of an outline.
We ﬁrst down-sampled the outline of an expression pattern by
selecting points in the contour every L (length) pixels. Then, vec-
tors between each node and the two immediate neighbor nodes in
the contour were calculated and the biggest angle formed between
them was measured. For each expression domain we summed all
the angles between each node and its neighboring nodes and di-
vided it by the number of nodes. To compare the images of dif-
ferent stages, we normalized by the embryo perimeter, dividing L
by the perimeter of the embryo, resulting in the Lnorm value. Fi-
nally, we divided it by the roughness value that a circle of the same
perimeter would have. Roughness values were measured from
Lnorm 0.01 to Lnorm 0.05.
Fig. 2. Roughness. (A) In top left, a schematic embryo (gray) with a gene expression pattern. Roughness is the mean major angle (θ) between each node nodes (pixels at
every L length) and its two immediate neighbors normalized by the roughness of a circle of the same perimeter (in top right). Lnorm is the length (L) between nodes
normalized by the Embryo perimeter. (B) Mean Roughness (y-axis) for the six stages (x-axis) at different Lnorm (line code in the box at right). (C) Distribution plot of the
Roughness at Lnorm¼0.03 in the six stages. Diamonds represent the mean, boxes the IQR. Whiskers 10 and 90 percentiles. Dashed line represents the max values and dotted
line the min values (mean of the last and ﬁrst decile, respectively). Stages on the x-axis, vertical dashed line represents gastrulation entry. At the left and right sides are
examples of genes with different Roughness values in stages 4–6 and 13–16, respectively. The location of the images in the plot is represented with gray circles.
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roughness at different spatial scales. In high Lnorm values angles
are calculated between relatively distant points in each gene ex-
pression outline. In other words, the outline is analyzed at a coarse
spatial level. With low Lnorm values, on the contrary, angles are
calculated between close points in each gene expression outline.
This way roughness is measured at a ﬁner spatial level. It is im-
portant to note that, in principle, different outlines may different
substantially on their roughness at different scales. Thus, for ex-
ample an outline that is a large circle with a low amplitude ser-
ration (like a circular sax with very small teeth) would have low
roughness at the coarse spatial level (high Lnorm) and high
roughness at the ﬁne spatial level (low Lnorm). On the contrary
the ﬁrst outline show in Fig. 2B would have relatively high
roughness for high Lnorm and low values for low Lnorm.
2.4. Time course analysis
We made a time course analysis with the relative area and
roughness data using the STEM software (Ernst and Bar-Joseph,
2006). This software ﬁrst creates all the different possible tem-
poral proﬁles (two dimensional plots with time and a variable of
interest like area) for a given number of time steps and a given
amount of relative change between successive time points. Then,
for each gene, the change in area or roughness over time is, based
in the correlation coefﬁcient, assigned to the temporal proﬁle that
matches the best. This software is also integrated with the Gene
Ontology, supporting GO term enrichment analysis. In our analysis
we used the STEM clustering method with a maximum of 50 and
80 model proﬁles, with a maximum of 6 and 8 units change be-
tween time points, for the relative area and roughness, respec-
tively. For the GO term analysis we used the Biological Process and
Molecular Function annotations with a minimum GO level of 5,
and a minimum of 5 genes assigned using the FlyBase gene an-
notation source (downloaded on April, 2014). We performed a
multiple hypothesis correction method (corrected p-value) using arandomization test of 500 samples. For more details on the sta-
tistical basis of the selection of model proﬁles and clustering al-
gorithm see (Ernst and Bar-Joseph, 2006; Ernst et al., 2005).
2.5. Embryo territories analysis
We divided the embryo of each stage into 257 regions using
polar coordinates. We decided to use polar coordinates because
with this approach we could assign all the pixels to a region and all
the regions would have roughly the same number of pixels
without the necessity of creating borders between regions. For this
we created an algorithm that ﬁrst deﬁnes a central pixel, selecting
the pixel that is in the middle of the anterio-posterior and dorso-
ventral axes. Then, all the other pixels in the embryo are given
polar coordinates (r and θ) in respect to this central pixel. The
value of the radius (r) was normalized by the distance to the
contour of the embryo. Finally, depending on each pixel polar
coordinates, the embryo was divided into 256 regions with ap-
proximately the same number of pixels (e.g, in stage 5, mean
pixels¼128, standard deviation¼4.68) and a central region with
the double number of pixels than the others, as can be seen in
(Fig. 1B).
We created a list of 1542 vectors, every vector corresponding to
one region of the 257 of every stage. Every vector had 1218 ele-
ments (number of genes of the data set) with the values of the
relative expression of every gene in that region. Then, we com-
puted pairwise similarities as Pearson correlations using the
function corSimMat of the R package apcluster (Bodenhofer et al.,
2011). With this function two regions are similar if they are po-
sitively correlated and dissimilar if they are negatively correlated.
Using this similarity matrix we performed a hierarchical clustering
using the function hclust of the R package stats version 3.11 (Core
Team, 2014) using the average method (UPGMA). We cut the re-
sulting dendrogram in 8, 25 and 40 clusters (or territories) using
the cutree function of the same package, and then reconstructed
the upper part of the dendrogram using the average distance
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A GOterm enrichment analysis was performed for each terri-
tory (taking the entire set of genes as the background and the
genes expressed in each territory as the sample). For that, we took
the genes that were expressed with a minimum speciﬁcity for
every territory. The speciﬁcity of a gene to a territory was calcu-
lated as the Jaccard index, i.e., taking the area of both the gene and
the territory we want to compare, we divided the intersection by
the union of such areas. Only genes with a speciﬁcity of at least
0.1 were considered, and for territories with more than 100 genes
we selected the 100 genes with the highest speciﬁcity. The GO-
term enrichment analysis was performed with the R Bioconductor
(Gentleman et al., 2004), biomaRt (Durinck et al., 2009) and topGO
(Alexa and Rahnenfuhrer, 2010) packages, using the Biological
Process gene ontology and considering a GOterm signiﬁcant if it
was enriched with pvalueo0.01, minimum GO level of 5, and had
at least 3 genes assigned to that GOterm. Notice that here we use
“regions” to refer to the equally polar coordinates based divisions
of the embryo and “territories” to the various regions clustered
together based on their genetic similarity.
2.6. Spatial disparity
Disparity in a given stage measures the overall difference in
gene expression between regions. Simply, as before, the pairwise
similarity in gene expression between two regions is calculated
using the same vectors than before, is calculated as Pearson's
correlations. The disparity between two regions within a stage is
calculated as 1 minus their correlation. The mean disparity in gene
expression in a stage is then the mean of all the pairwise dis-
parities for all the regions. We also calculated the disparity taking
only into account the transcription factor genes. For this, the
vector of each region included only the transcription factors in the
data set (109 genes instead of 1218). To test for signiﬁcant differ-
ences we used a Kruskal–Wallis test on a bootstrap analysis (100
samples of 50 genes without replacement). Disparity is a measure
of gene expression complexity in space since high disparity im-
plies that even close regions have quite different patterns of gene
expression.Fig. 3. Relative area and disparity. (A) Distribution plot of the relative area of express
(squares), transcription factors (triangles) and growth factors (circles). (B) On the lef
distribution plot of the disparity, using a bootstrap test, taking only transcription factors (
Kruskal–Wallis test (*o0.05, **o0.01,***o0.001).Distribution plots are represented as3. Results
3.1. The area of expression of genes decreases in a non-linear way
over time.
As shown in Fig. 3A, the mean area of expression decreases in a
non-linear way (an inverted saturation curve), with the major
decrease occurring at very early development, from maternal to
early gastrula stage. Note that there are no cells in the ﬁrst two
stages in Drosophila. In the second stage that does not imply that
genes should be expressed in large areas since there are, during
this stage, different nuclei with different locations in the embryo.
This highlights that an important proportion of the genes have
already a restricted spatial pattern at early gastrulation, i.e., the
embryo is relatively well compartmentalized rather early. This
pattern of decrease is observed both in maternal genes (genes that
are expressed from stage (1) and in zygotic genes (genes that start
to be expressed later). Practically half of the genes in our set follow
this decrease pattern: 46% of the genes (565 of 1218 genes) were
characterized as having a non-linear decrease in their relative area
(Appendix. S1).
Our results are consistent with the hypothesis that the Droso-
phila embryo becomes compartmentalized in a progressively more
ﬁne-grained manner over developmental time. This is, most genes
start being expressed in broad areas of the embryo and over time
their expression becomes progressively restricted into smaller and
smaller spatial domains.
3.2. Transcription factors and growth factors compartmentalize
earlier
We analyzed if this decrease in gene expression area was dif-
ferent for transcription factors and growth factors compared to the
rest of genes (Molecular Function GO terms). The transcription
factors (GO:0003700) and growth factor genes (GO:0008083)
showed signiﬁcantly smaller relative area of expression that the
other genes in the blastoderm stage (Fig. 4A). Interestingly, the
transcription factor genes are expressed in signiﬁcantly smaller
relative areas than the rest of the genes in subsequent stages (KW
test pvalueo0.05, Fig. 4A). The growth factors have signiﬁcantion for all genes in each stage (left). On the right, mean relative area of all genes
t, distribution plot of the disparity between regions of each stage. On the right,
white boxes) and non-TFs (gray boxes). Stars represent signiﬁcance of p-values from
in Fig. 2C.
Fig. 4. Transcription and growth factors. (A) Relative Area. Comparison between the relative area of expression of the transcription factors (white boxes) with the rest of the
genes (gray boxes). On the right, same comparison for the growth factors (white boxes) and the rest of the genes (gray boxes). (B) Roughness. Comparison of the roughness
(for Lnorm¼0.03) of the transcription factors (white boxes) with the rest of the genes (gray boxes). On the right, same comparison for the growth factors (white boxes) and
the rest of the genes (gray boxes). Boxes represent the IQR, whiskers the 10 and 90 percentiles. Stages on the x-axis. Stars represent signiﬁcant values of p-values from
Kruskal–Wallis test (*o0.05, **o0.01,***o0.001). Number of genes indicated below each box.
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stage (stage 4–6) and the extended germ band stages (stage 9–10
and 11–12). The fact that these genes have lower relative area (i.e.,
are more compartmentalized) than the rest of the genes, especially
in the stage before entering gastrulation, is consistent with the
leading role of these genes in driving pattern formation and the
resulting compartmentalization of the embryo.
3.3. Spatial disparity
In principle it cannot be completely ruled out be that genes
decrease their area of expression but that the embryo does not
become more compartmentalized because most genes could re-
main expressed in the same place in the embryo. However, our
measures of disparity, Fig. 3B, indicate that this is not the case.
Thus, over time, the different parts of the embryo become more
and more different in the genes they express and these distinct
parts become smaller in area and larger in number. In other words,
genes that are expressed in early development (in the ﬁrst three
stages we consider, so it is not only maternal genes) change from
being expressed over large areas of the embryo to be expressed in
only one (or a few) distinct part in the embryo (even if many genes
are expressed in several different parts). Genes that start to be
expressed later generally start being expressed in relatively small
distinct areas.
Our measure of disparity, i.e. how different in gene expression
different parts of the embryo are, can also be understood as a
measure of complexity. If all parts of the embryo express the same
genes the embryo is simple, if many parts have different gene
expression it follows that the embryo has a complex spatial
structure of gene expression. Fig. 3B clearly shows that complexity,
understood here as spatial disparity, increases over time in a non-
liner way. Again this increase follows a saturation curve with most
of the increase in the early stages.
Interestingly, in the blastoderm stage the disparity of the re-
gions based only on the TFs is much greater than the one based on
all the genes (Fig. 3B), indicating that these genes account for a
large portion of the diversity of gene expression patterns betweenthe regions in this stage.
3.4. Different spatio-temporal proﬁles of gene expression are asso-
ciated with speciﬁc GO terms
The total number of genes with expression remains almost the
same between developmental stages 1–2 and 9–10, and increases
in the last two stages, reaching a maximum of 1065 genes in stage
13–16 (Fig. S1). This apparent lack of change in the ﬁrst stages is
caused by the balance between the genes turning on and off in
these stages. Actually, the stage transition with the most genes
changing their expression stage is the one from maternal to
blastoderm stage, with 350 genes (173 on and 177 off). After this,
the last two stage transitions (from 9–10 to 11–12 and from 11–12
to 13–16) have also many genes changing their expression, with
more than 200 genes turning on in each stage transition.
We compared the number of genes expressed in our dataset
with the embryonic data from Manak, et al., and the modENCODE
data (Graveley et al., 2011; Manak et al., 2006), which contains
RNAseq samples of 2 hour intervals of the ﬁrst 24 hours of de-
velopment. The cumulative portion of the 1218 genes expressed
between stages 4–12 of our analysis is higher than the both the
Manak et al., and the modENCODE data (Fig. S1). This difference
could be partly because, as observed in (Hammonds et al., 2013),
in situ expression allows to detect genes with very restricted
spatial expression that have very low RNAseq scores when those
are normalized in respect to the transcripts on the whole of the
embryo.
Despite the impossibility of directly compare the BDGP and
modENCODE data due to the experimental differences between
both approaches, it has been shown that genes not expressed in
BDGP have the lowest values of modENCODE RNA-seq expression
scores, genes annotated as ubiquitous in BDGP have the highest
expression scores, and genes annotated as restricted patterns fall
in between (Hammonds et al., 2013).
We made a time series cluster analysis (Ernst and Bar-Joseph,
2006) using the relative area of expression in order to know which
are the most common spatio-temporal proﬁles. The time series
Fig. 5. Relative area and roughness proﬁles. (A) Relative area of expression. (B) Roughness. In each box, the thick line represents the model proﬁle, and the thin lines the
individual genes assigned to that model proﬁle. The number in the lower-left corner is the number of genes assigned to each model proﬁle. Below, proﬁles with some
enriched GOterms are shown (p-valueo0.01, corrected p-valueo0.1).
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different proﬁles with at least 20 genes assigned. As expected, the
proﬁles with the most genes follow the general proﬁle of non-
linear decrease in the ﬁrst stages, but there are proﬁles with less
genes assigned that differ from that general proﬁle.
The two proﬁles with more genes were not enriched with any
GOterm at a corrected pvalueo0.1. The proﬁle with a linear de-
crease over time is enriched with “mitotic cell cycle”
(GO:0000278), “RNA processing” (GO:0006396) and “chromatin
modiﬁcation” (GO:0016568) GOterm genes, highlighting biological
processes that ﬁrst are present in the whole embryo and become
more and more restricted in space as development proceeds. The
“mitotic cell cycle” term, for example, most likely relates to the fast
mitotic cycles in the earliest embryo. During stage 1–3 nine fast
and synchronic mitotic divisions take place in the entire embryo,
then in stage 4–6 mitotic divisions 10–13 occur more slowly, al-
most synchronically. The 14th cycle, zygotically controlled, is long
and of different durations in the embryo. The decrease in the area
of expression of the genes enriched with the “RNA processing” GO
term probably relates to the early necessity in the embryo to
process the large amounts of RNA laid by the mother.
Arbeitman et al., (Arbeitman et al., 2002) made a temporal co-
expression cluster analysis using cDNA microarray data through
the life cycle of D. melanogaster. They found that most cell cycle
genes are expressed at high levels during the ﬁrst 12 h and only
few are expressed at high levels thereafter. Our analysis is con-
sistent with this, as we found that the proﬁle of linear decrease of
relative area of expression (Fig. 5A) is enriched with cell cycle
genes. Our study is complementary to Arbeitman et al., as we add
the spatial dimension to these previously temporally characterized
gene expression proﬁles.
3.5. Roughness increases in a non-linear way
The hypothesis that gene expression spatial complexity in-
creases through development is supported by our results. Isimportant to mention that there are neither unique or consensus
deﬁnitions of complexity. In here we use the relative area,
roughness and disparity of gene expression. This captures the
overall roughness of the spatial pattern of expression of each gene
at different spatial scales. We understand complexity, in this case,
as the overall imbrication or convolution of the shape of a gene
expression contour at different spatial scales, relative to a perfect
circular shape. With our measure, roughness values equal or close
to 1 mean “rounded” patterns (simple) while values greater than
1 mean “convoluted” patterns (complex). Our results (Fig. 2C)
show that complexity increases with developmental time in a
non-linear way as the major increase is at the transition from the
blastoderm to the early gastrula. The maximal values (mean value
of the 10% of genes that have the higher roughness) roughly follow
an inverse sigmoidal pattern, with an initial increase in the pre-
gastrula stages, a saturation or stationary phase at mid embry-
ogenesis and a further increase in the last stages. These maximal
values are informative about the overall morphological spatial
complexity of the embryo in a given stage. Median values are not
very informative about morphological complexity since even in
very complex organisms there are always genes that need to be
expressed in most cells. When comparing roughness at different
spatial scales (different Lnorm values) it can be seen (Fig. S2) that
at the later stages the complexity at the smaller spacial scale is
signiﬁcantly larger that at the higher spatial scales. This suggests
that complexity may be increasing through all the development
but that it would do it at ﬁnner and ﬁnner spatial scales over time.
This is, ﬁrst the overall body complexity would be established, as
we see in stages 4–6, and later this complexity will be increasing
within body parts or organs.
As the major difference between the maximal values and the
median is seen in stage 4–6, we wanted to know which kind of
genes have the higher roughness values at this stage. We per-
formed a GO term enrichment analysis of the 4th and 5th quintiles
of the distribution. We found that the 4th quintile is enriched with
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transcription factor activity” and”growth factor activity”. This
shows that the transcription and growth factors have both high
compartmentalization and complexity in the blastoderm stage,
when the major compartmentalization and complexity changes
are seen in the embryo.
At the coarser spatial scale (large Lnorm) the increase in
roughness saturates towards late development (9–10,11–12 and
13–16 stages), while at the ﬁner spatial scale there is still an in-
crease, although less pronounced, in these late stages (KW p-
valueo0.01, Appendix. S1). This indicates quantitatively that in
late embryogenesis the embryo becomes more complex over time
at progressively smaller spatial scales.
As with the area of expression we made a time series cluster
analysis (Ernst and Bar-Joseph, 2006) using, in this case, the
roughness of expression. In this case, the proﬁle with more genes
is the one showing a non-linear increase in roughness with peak
values in stages 7–8 and 11–12 (both largely corresponding with
the overall saturation curve increase in roughness over time).
These proﬁles are enriched with the GOterms “cell cycle”
(GO:0007049) and “mitotic spindle organization” (GO:0007052)
among others (Fig. 5B). Note that this analysis is not possible for
disparity measure since it applies to regions and not to individual
genes.
3.6. Complexity changes in the post-gastrula embryo
It is clear from our results that the major increase in all the
complexity measures is seen from the maternal to the early gas-
trula stage. As this dramatic change could overshadow changes in
later stages, we analyzed separately stages 7–8 to 13–16. Our re-
sults show that there is also a more modest increase in all com-
plexity measures in the last stages of development (Fig. 6). Spe-
ciﬁcally, during the transition from stage 9–10 to 11–12, the three
measures change signiﬁcantly, while during the next transition
(from stage 11–12 to 13–16), only roughness and disparity change
signiﬁcantly.
3.7. Spatio-temporal dynamics in the Drosophila embryo
We then wanted to know if our dataset could be informative of
the general regional differentiation process and/or patterning in
the embryo. Ideally, by overlapping all the images in one, we could
know how many areas of the embryo, at a pixel resolution, have a
unique expression proﬁle over time. However, there is always a
certain amount of intrinsic noise in every in situ image. Even small
experimental noise in the contour of expression of a gene can
exponentially increase the number of areas in the embryo that are
seen as having an unique combination of expressed genes.
To circumvent this methodological problem, we divided theFig. 6. Complexity changes in post-gastrula embryos. From left to right, boxplots of boo
and disparity for post-gastrula stages. Stars represent signiﬁcant values of p-values fromspace of the embryo into 257 area regions, as for the disparity
measure, using polar coordinates (see Fig.1B) as described in the
methods. We decided to use polar coordinates because with this
approach we could assign all the pixels to a region and all the
regions would have roughly the same number of pixels without
the necessity of creating borders between regions.
With a hierarchical clustering algorithm we produced a den-
drogram representing the relative degrees of similarities between
regions. This analysis was performed comparing all regions of all
the stages. This dendrogram has thus 6n257 terminal branches
(the number of stages per the number of partitions in stage). To
facilitate the comparisons we have considered only major bran-
ches at some high levels, cutting the dendrogram at a level such
that only 40 branches are represented (Fig. 7A). From those, we
took only the ones that had at least 50 genes assigned with a
minimum similarity of 0.1 (see methods), so we ended up with 30.
Then, a further cut was made at the level of 8 branches (Fig. 7B)
and all the branches that are within the same 8 higher level
branches have been represented by the same color and plotted in
the embryo (with the borders of the 30 original branches plotted
in black and the number of that territory shown on the embryo).
Each of these sets of same-branch regions we call a territory. Thus,
each territory includes several regions in a stage (in each stage we
have the same 257 regions). Consequently, a territory may re-
semble more to territories in the same or other stages (as re-
presented in the orders of branching between territories in the
dendrogram).
The dendrogram and its representation in space (Fig. 7) are an
ordination of the overall similarity in gene expression of different
parts of the embryo over the stages. At all the cyan territories seem
to arise from each other largely due to migration and growth. The
set of cyan territories largely coincide with the germ-band and
their extension in stages 7–8 and 9–10. Within the cyan territories
territory 4 correspond spatially (Fig. 7D) with the invagination of
the posterior mid-gut while territory 6 coincides with the forming
foregut and anterior midgut. The rest of the germ-band is enriched
in genes with GO-terms related to mesoderm as one would expect.
Territories in brown coincide roughly with the endoderm (and
perhaps some overlaying ectodermal and mesodermal tissues in
the latest stage). Dark blue territories consist of regions that ex-
press only a small number of genes and likely include all those
cells that are not part of the germ-band in stages 4–12 (thus their
spatial distribution could be explained by where the germ-band
has not moved). The different dark blue territories (like 7 and 25)
in close contact with the cyan territories are most likely due to
small variation, probably experimental noise, in the margin of
expression of genes in the germ-band.
All regions in stages 1–3 and 4–6 cluster together in the den-
drogram. In stage one this simply reﬂects the homogeneity of gene
expression. At this stage only bcd (of the genes included in ourtstrap analysis (100 samples of 50 genes) of relative area, roughness (Lnorm¼0.03)
Kruskal–Wallis test (no0.05, nno0.01, nnno0.001).
Fig. 7. Territory analysis on theDrosophilaembryo. (A) Dendrogram produced by agglomerative clustering of the pairwise similarity matrix (pearson's correlation) of all the
embryo regions of the six stages. The red line shows the cutoff to produce 40 territories. (B) Dendrogramwith the upper part reconstructed using only territories with at least
50 genes with a minimum speciﬁcity of 0.1 (see methods). Areas in gray have less than 50 genes expressed. The colored boxes show the main branches of the dendrogram.
The number indicated inside the boxes represent the stages the territories correspond to (3 is stage 7–8, 4 is stage 9–10, 5 is stage 11–12 and 6 is stage 13–16). The number
outside the boxes are the cluster number assigned by the clustering algorithm. (C) Territories in the different embryo stages. Background color refers to which major branch
of the dendrogram (in B) each territory is part of. The circles show if the territories are enriched with a GOterm that relates to a speciﬁc tissue/germ layer derivative (shown
in E). The stage is shown in the lower-left part of each embryo. From stage 7–8, the cluster number (as in B) is indicated inside each territory. (D) Hartenstein's embryo
schemes (Hartenstein, 1993) with their respective stages in the left upper part. (E) Color code of speciﬁc tissue/germ layer derivative used in C.
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higher degree of regionalization is observed in stage 4–6 (Fig. S3).
However, all stage 4–6 regions branch together. This likely reﬂects
that there is some signaling and/or movement but that this affects
only a small proportion of the genes in each territory (it is known
that not much tissue movement is occurs at this early stage). If we
divide stage 4–6 in four sub-territories (Fig. S3) the embryo splits
in four parts, an anterior one, a posterior one, a dorsal one and a
ventral one which closely correspond to a nearly cartesian system
one could expect from the two signaling systems known in the
earliest patterning in Drosophila (the anterio-posterior and dorso-
ventral (Gilbert, 2014).Different spatio-temporal dynamics can be seen for the terri-
tories giving rise to the central nervous system (CNS). Territory 11
(dark-blue) a thin layer around the embryo’s most ventral part, is
enriched with genes with central nervous system GO terms. The
CNS is not yet morphologically visible at this stage but our global
analysis of gene expression clearly shows where and when it starts
to form. The determination, by signaling, of some of the cells
which will ingress from the superﬁcial ectoderm to form neuro-
blasts is known to start at this stage (Doe, 1992). Later, in stages 9–
10 and 11–12, these neuroblasts further progress towards the in-
terior and get into contact with the mesodermic germ-band. This
contact is probably responsible for the branching of territory 18
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territories). The larger width of this later territory likely reﬂects
that the neuroblasts have entered deeper into the germ-band and/
or that they have proliferated.
In stage 13–16 two ﬁnal high level territories arise (in light blue
and green). The blue is enriched in GO-terms related to the ner-
vous system, and the green with terms related to epidermis such
as cuticle development (“chitin catabolic process” [GO:0006032]
and “cuticle development” [GO:0042335] clusters 33 and 38).
Cuticle is indeed deposited by epithelial cells during stage 16 of
development (Ostrowski et al., 2002). The central nervous system
territory is enriched with GOterms like “dendrite morphogenesis”
(GO:0048813) and “axon guidance” (GO:0007411).
Of the 40 clusters in our dendrogram, 7 were clearly related to
the CNS based on their GOterm enrichment analysis. Many of the
GOterms are redundant in the CNS territories, but their differential
enrichment values are diagnostic of the speciﬁc functional aspects
of every territory, that correspond to the temporal differentiation
process of the CNS. For example, early CNS differentiation GO-
terms as “stem cell” and “neuroblast fate determination” are en-
riched in the clusters 11, 18, and 20, with the highest enrichment
at the cluster 18 (stage 9–10), with p-values of 10–12 and 10–10,
respectively. Finally clusters 34, 37, and 39 are enriched with late
differentiation CNS GOterms “neurogenesis”, “dendrite morpho-
genesis”, and “neuron differentiation”. In (Fig. S5), the enrichment
values and the dendrogram showing the relation between the CNS
territories are shown.4. Discussion
The present analysis provides quantitative support for the view
that phenotypic complexity and compartmentalization increases
over developmental time: at least for gene expression in the
fruitﬂy D. melanogaster. Most importantly, we show that in this
species this increase follows a saturation curve, with the major
change roughly coinciding with the ﬁrst major events of tissue
spatial reorganization during gastrulation (Hartenstein, 1993).
These results hold for complexity measured as either area,
roughness or spatial disparity. These measures reﬂect slightly
different aspects of complexity but all point to the same overall
pattern of increase. Note that this would not necessarily be the
case. The relative area of expression of genes could decrease
without any change in roughness of expression (simply areas
could get smaller without changing shape). In the same way a
decrease in the area of expression of genes does not imply an in-
crease in spatial disparity (for example all genes could decrease
their expression but end up restricted to the same parts of the
embryo) nor does roughness implies spatial disparity (again all
genes expression contour could be very rough but conﬁned to
some speciﬁc parts of the embryo).
Our analysis is powerful enough to detect that transcription
factors and growth factors increase the complexity of their ex-
pression earlier than other genes (likely due to their primary in-
volvement in pattern formation processes by cell signaling).
Interestingly, the transcription factors remain signiﬁcantly
more compartmentalized than other genes until the end of em-
bryogenesis. Hammonds et al. (Hammonds et al., 2013) made an
extensive analysis of transcription factor expression using the
BDGP database. They analyzed 708 genes (predicted as TF by their
DNA binding domains) using manual annotation of gene expres-
sion based on an anatomical controlled vocabulary and classifying
every gene as ubiquitous, patterned, ubiquitous-patterned, or
maternal. They found that the fraction of TFs expressed in a re-
stricted pattern (assigned to a tissue) was signiﬁcantly higher,
when compared to more than 6000 protein-coding genes, in allthe zygotic stages with the exception of the stage 13–16. Our re-
sults for stages 4–6, 7–8, 9–10 and 11–12 are consistent with
Hammonds, as the higher proportion of the TF genes showing a
restricted or tissue-speciﬁc expression pattern would imply that
TFs are expressed in smaller areas in the embryo. However, in
contrast to these authors’ results, in our spatial analysis, the area
of expression of the TF is signiﬁcantly smaller than in the rest of
genes, demonstrating that our analysis was also able to capture the
high spatial compartmentalization of the TFs, which was not
possible using a text annotation of the gene expression.
We also found that if we partition the embryo in regions and
cluster them according to their similarity in expression in a den-
drogram this dendrogram splits regions into a number of spatial
territories that largely reﬂects the splitting of the embryo ﬁrst into
an anterior, a posterior, a dorsal and ventral compartment (stage
3–4), then into germ-band, non-germ-band and posterior midgut
compartments (stage 7–8), then the germ-band splits into foregut,
hindgut and rest of mesoderm while the nervous system starts to
arise (stage 9–10) and then the midgut territories arise (stage 11–
12). This speciﬁc sequence of splitting of the embryonic space into
germ layers resembles the one to be expected based on the general
timeline of changes in embryonic anatomy and fate maps collected
over the years and analyzed qualitative (Hartenstein, 1993). In
here, thus, we reinforce this general time line of compartment
arising and splitting with a quantitative analysis involving many
genes.
There are of course some important limitations of our ap-
proach. Firstly, the in situ hybridization technique can show non-
speciﬁc staining and the shape of the expression pattern can be
over or underestimated after computational ﬁltering. In fact, in
in situ RNA hybridization the spatial patterns can be quite sensitive
to the exact conditions (e.g., strength of the probe and length of
the staining reaction) in which the hybridization takes place (To-
mancak et al., 2002). This is likely to distort some patterns, espe-
cially, as we commented above in the contours of these patterns
(thus leading to margin effects producing additional territories in
our dendrogram analysis). In addition, there is some experimental
variation on the staging of individual embryos in the BDGP, as it is
very difﬁcult to synchronize the development of different eggs,
and this can lead to some noise in our comparisons between
genes, specially for stages and parts of the embryo where there are
fast morphogenetic movements (for example during the rapid
germ band elongation).
Another potential problem could arise from the limits in spatial
resolution provided by whole-mounts and pictures available in
BDGP. It is possible that the saturation curve we observe is due to
the increase in complexity stopping beyond the spatial scale we
analyze (although we also detect a subtle but signiﬁcant increase
in complexity during the last stages). In other words, perhaps
complexity is increasing as much in late and early stages, but in
the later this is happening at a lower spatial scale (for example
within the regions of our analysis). That is likely to be the case, at
least to some extent, but even then our results are interesting in
statistically showing that, at the spatial scale we can analyze,
complexity increases in a saturating manner.
These potential problems are also compensated by the large
number of genes being analyzed. In this respect our results seem
quite robust, all measures of complexity agree and our analysis of
the spatial–temporal dynamics is consistent with what is known
about Drosophila development. The analysis and measures of
complexity we use in this study can be applied to any shape that
has an area and contour in two dimensions. Thus, our measures of
complexity can be applied to any gene expression in whole-
mounts as long as it is available for many genes and the pictures
are taken from the same orientation and distance. In principle,
thus, our measures do not need to be restricted to Drosophila or to
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The increase in complexity of an embryo (regardless of how
complexity is deﬁned) is perhaps the most apparent and char-
acteristic phenomenon during development. However, until now it
has not been systematically quantiﬁed. In here, we have measured,
in three different ways, the dynamics of the complexity increase in
the fruit ﬂy embryo, which show a common early non-linear in-
crease of complexity. It would be interesting to compare the dy-
namics we found here with the dynamics of other species, as even
when we would expect to ﬁnd always an increase of complexity
during development, we could ﬁnd that other species follow dif-
ferent dynamics (in time and space), due to their different way of
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